We have developed a bioinformatics tool named PAINT that automates the promoter analysis of a given set of genes for the presence of transcription factor binding sites. Based on coincidence of regulatory sites, this tool produces an interaction matrix that represents a candidate transcriptional regulatory network. This tool currently consists of (1) a database of promoter sequences of known or predicted genes in the Ensembl annotated mouse genome database, (2) various modules that can retrieve and process the promoter sequences for binding sites of known transcription factors, and (3) modules for visualization and analysis of the resulting set of candidate network connections. This information provides a substantially pruned list of genes and transcription factors that can be examined in detail in further experimental studies on gene regulation. Also, the candidate network can be incorporated into network identification methods in the form of constraints on feasible structures in order to render the algorithms tractable for large-scale systems. The tool can also produce output in various formats suitable for use in external visualization and analysis software. In this manuscript, PAINT is demonstrated in two case studies involving analysis of differentially regulated genes chosen from two microarray data sets. The first set is from a neuroblastoma N1E-115 cell differentiation experiment, and the second set is from neuroblastoma N1E-115 cells at different time intervals following exposure to neuropeptide angiotensin II. PAINT is available for use as an agent in BioSPICE simulation and analysis framework (www.biospice.org), and can also be accessed via a WWW interface at www.dbi.tju.edu/dbi/tools/paint/.
INTRODUCTION T
HE PRIMARY OBJECTIVE OF THIS PAPER is to present an automated and scalable bioinformatics approach to the identification and analysis of candidate regulatory interactions in a specific experimental context. Complex cellular processes such as adaptation, development, differentiation, and cell cycle in biolog-ical systems involve multiple genes functioning in a hierarchical and interconnected network. Present technological developments have resulted in rapidly growing public resources containing systematic data sets of various types: gene expression changes from microarrays; protein-DNA interaction and transcription factor (TF) activity data from protein binding assays, chromatin immunoprecipitation (ChIP) experiments (Wells and Farnham, 2002) , and DNA footprinting (Kang et al., 2002; Ricci and El-Deiry, 2003) ; protein-protein interactions from two hybrid experiments and coimmunoprecipitation; and genomic sequence and ontology information in public databases (www.geneontology.org). The analysis of these large datasets holds the promise of identification of the nonlinear dynamic systems function of the interconnected gene and biochemical regulatory networks.
Attempts at reverse engineering the gene regulatory networks from microarray data alone have met with varied success (Holstege et al., 1998; D'Haeseleer et al., 1999; Wessels et al., 2001; Ronen et al., 2002) . Typically, all the genes are considered as potentially regulating all the other genes and the suboptimal and non-unique results are subsequently pruned either by setting thresholds on the quantitative parameters representing interaction strength or via constrained optimization (Yeung et al., 2002) . Combining the available heterogeneous data types significantly improves the ability to unravel the regulatory networks (Tavazoie et al., 1999; Hughes et al., 2000; Zak et al., 2001; Hartemink et al., 2002; Ideker et al., 2002) . The principal effect of incorporating additional data types apart from microarrays is to constrain the number of regulatory interactions per gene. Based on the known protein-DNA and protein-protein interactions, many interactions can be required to be present or specified to be nonexistent in the identification algorithm. This limits the number of interaction parameters to search for and renders the network identification algorithms tractable for a large number of genes (Zak et al., 2001; Yueng et al., 2002) .
The biological mechanism of transcriptional regulation is by specific transcription factors (TFs) binding to the transcriptional regulatory elements (TREs) present in the cis-regulatory region (promoter) of the corresponding genes. The binding is sequence specific, and the binding sites are present on multiple genes. This results in an interconnected transcriptional regulatory network. Hence, the analysis of the promoters for the genes of interest for known and predicted TF binding sites will directly provide a good candidate set of network interactions (Hughes et al., 2000; Hartemink et al., 2002; Ideker et al., 2002) . This approach has been most successful in developing a detailed understanding of gene regulatory networks in yeast (Tavazoie et al., 1999; Ideker et al., 2001 ). The availability of genomic sequence combined with extensive information about TF binding site motifs has enabled system-wide analyses to unravel the gene regulatory networks that govern the response of yeast to a multitude of environmental perturbations (Tavozie et al., 1999; Ideker et al., 2001) . Similar efforts are in progress in Drosophila (Berman et al., 2002) , sea urchin (Davidson et al., 2002) , and human systems (Elkon et al., 2003) .
In this context, the objective of the research efforts described in this paper is to develop an automated and scalable bioinformatics approach to the identification and analysis of candidate regulatory interactions in a specific experimental setting. We have developed PAINT-Promoter Analysis and Interaction Network Tool-for this purpose. Briefly, PAINT processes a list of unique identifiers representing the genes of interest and produces an interaction matrix that represents a candidate set of interactions between the transcription factors and the genes. This information can be subsequently employed in various network identification, analysis, and visualization software. The objective is not to develop another tool for sequence analysis, but to construct a modular and extensible platform into which various sequence analysis tools, network analysis and visualization software, and model identification tools can be "plugged in." In addition to the command line and the web-based interfaces (available at www.dbi.tju.edu/dbi/tools/paint), PAINT modules can be accessed as the "agents" that communicate via Open Agent Architecture in the BioSPICE platform (www.biospice.org).
The present manuscript is organized as follows. The details of various modules that constitute PAINT are presented in the Methods section. In the Results section, two case studies are presented to demonstrate the tool. The first study involves a set of 155 differentially regulated genes in differentiated neuroblastoma cells. The second study is concerned with a set of 578 differentially regulated genes identified from expression time series data derived from neuroblastoma cells exposed to the neuropeptide angiotensin II. VADIGEPALLI ET AL.
MATERIALS AND METHODS

PAINT
The modular architecture of PAINT is not organism-specific. The key requirements are the availability of annotated genome sequence and information on transcription factor binding site motifs. PAINT 2.3 can conduct analysis specific to the mouse genome. The tool contains five components:
1. UpstreamDB: A MySQL database containing a predicted promoter sequence for each gene that can be queried using the Ensembl GeneID, Locus Link, Unigene ClusterID, or Clone ID (GenBank accession number). 2. PromoterID/DBsync: A Perl module that periodically updates the promoter sequence database from the Ensembl genome assembly database. Included in this module is the functionality of identifying the Transcription Start Site (TSS) using multiple methods described in the following section. 3. Upstreamer: A Perl module that provides the functionality of sequence retrieval from the UpstreamDB database given a list of unique identifiers for the genes of interest. 4. TFRetriever: A Perl module that processes the retrieved sequences through the transcription factor inspection/discovery programs. The dynamic nature of the databases containing transcription factor information and user-specified parameter options require online retrieval rather than an offline processing for all the promoters in UpstreamDB. 5. FeasNetBuilder: A Perl module that processes the output of the transcription factor inspection/discovery programs and produces a Candidate Interaction Matrix (CIM) for the genes of interest. 6. FeasNetViewer: A Perl and R module that contains functions for analysis and visualization of CIM. A matrix image with optional clustering of data and a network layout diagram are available. Also produced are various file formats: SBML and GraphML for use in JDesigner (Hucka et al., 2001 ), Cluster/TreeView (Eisen et al., 1998) , Pajek (Batagelj and Mrvar, 1998) , and Cytoscape (Ideker et al., 2002) . These can be used in the subsequent network analysis and visualization.
The modular architecture of PAINT is depicted in Figure 1 . A detailed description of each of the modules and the input-output relationships is presented next. A discussion of the issues involved and specific choices made in the tool development is presented in the Discussion. 
PAINT modules
The UpstreamDB module. For an organism of interest, the principal requirement for constructing the promoter database is annotated genome sequence assembly. Several genome assemblies are available for mammalian systems, for example, Ensembl (Hubbard et al., 2002) , Santa Cruz (http://genome.ucsc.edu), and Celera (www.celera.com). The UpstreamDB database was constructed for all the annotated genes (known and putative) in the Ensembl genome database for Mus musculus. For each gene, 5000 base pairs (bp) upstream (59 to the gene), the first exon of the open reading frame (ORF), and 100 base pairs downstream (39) to the end of first exon were retrieved from the genome and placed in a temporary database (TempDB) prior to the identification of the Transcription Start Sites (TSS). In the case of genes for which upstream sequence of length 5000 bp is not available in the genome database (due to assembly being incomplete), the maximum available sequence was retrieved. The retrieved sequence was placed in the database only if at least 300 bp sequence immediately 59 to the gene was available. The genome database contains sequences in 59 to 39 orientation on a single strand (conventionally denoted as 11) of DNA. For the genes that are located on the strand 21, the sequence from the genome database was reversed and complementary base pairs were computed to produce the upstream sequences.
The key aspect of the analysis is using the correct sequence to represent the cis-regulatory control regions. Note that this requires information about the 59 untranslated region (UTR) of each gene in order to correctly identify the TSS and hence the corresponding cis-regulatory control region for each gene. The first exon of a gene as annotated in the Ensembl database does not necessarily correspond to the TSS (Davuluri et al., 2001 ). This creates difficulty in identifying and retrieving the appropriate sequence data corresponding to the cis-regulatory region for the genes of interest. A sequence-driven approach can be employed for computing the TSS of a given gene by alignment with corresponding expressed sequence data, for example, EST sequence (dbEST) or cDNA sequence (from GenBank). Of particular interest to the mouse model system is the effort designed to provide 59 end data for mRNAs (RIKEN clone sequences: Kawai et al., 2001 ). These clone sequences were aligned to the gene upstream sequence in the TempDB to estimate the TSS for each gene. The sequence alignment program Megablast was used with option "W48" to use a word size of 52 in alignment. For each gene, the corresponding alignments were filtered by the following criteria:
1. The alignment should have less than three mismatches. 2. The alignment should be closest to the 59 end of the aligned clone sequences. 3. If 59 ends of multiple clones align well, then the alignment that is 59 most on the gene upstream sequence is selected.
The position on the gene upstream sequence that is marked by the above alignment and filtering was considered to be the estimated TSS. Using this procedure, an estimate of the TSS's for 5040 genes was obtained. For the remaining genes, a TSS prediction tool, Eponine (servlet.sanger.ac.uk:8080/eponine), was employed to come up with an estimate of TSS within the 5000 bp 59 from the start of the ORF. The TSS's for 2278 genes were identified in this manner. For the remaining 14,045 genes, the start of the ORF was considered as the TSS. After the TSS's for genes are estimated for each gene, an 'updated' upstream sequence of 2000 bp 59 to the estimated TSS was retrieved and stored in the UpstreamDB database.
In addition to the promoter sequence for each gene, UpstreamDB also contains the cross reference tables that enable retrieval of promoters using Unigene ClusterID, LocusLink, and the cDNA clone Accession number. This cross reference was constructed using information from the Unigene database. This allows for convenient retrieval of the promoter sequences directly from a list of genes marked as significantly varying in expression by the microarray analysis software or other gene expression analysis methods.
The PromoterID/DBsync module consists of Perl scripts that build the UpstreamDB database and periodically update it when a new version of annotated genome database is released. This includes updated estimation of TSS and the cross-reference tables.
The Upstreamer module contains Perl functions that can be wrapped for inclusion in UNIX shell scripts, Perl scripts, web-based scripts such as PHP, and Open Agent Architecture (for use as a BioSPICE module). The input from the user is a list of identifiers for the genes of interest and the number of base pairs VADIGEPALLI ET AL. of the upstream sequence needed for analysis. The length count is from the start of the gene towards the upstream (59) end. However, the retrieved sequence is written from 59 to 39 direction as per convention. The output of the module is the upstream sequences of specified length for the genes that are referenced in the UpstreamDB database. The output is in FASTA format for further processing by transcription binding motif inspection/discovery software.
The TFRetriever module is envisaged to contain several sub-modules that can communicate with various local and web-based motif inspection and discovery software such as MatInspector (Quandt et al., 1995) and MEME (Bailey et al., 1994) . A motif is a characteristic sequence of a binding site and functionally similar motifs are grouped together into families. PAINT 2.3 contains only the sub-module for interacting with MatInspector software. The set of vertebrate transcription factor families is utilized for promoter inspection. The output of the TFRetriever module is the output from the motif discovery program for each input sequence list.
The FeasNetBuilder module can process the output from MatInspector to construct an interaction matrix representing a candidate set of connections in the regulatory network based on the promoter sequence and TF/TRE information. In the set of promoter sequences processed, the complete list of TREs was generated. The columns of the interaction matrix correspond to the TREs and each row corresponds to a gene from the input list. If the parameter for binary counting is set in PAINT, the regulation of a gene is represented by a 1 if the corresponding TRE is present on the promoter for that gene, and by a 0 otherwise. This matrix represents the constraints to a network identification scheme. The interaction parameters corresponding to zeros in the candidate matrix need not be computed, substantially reducing the dimensionality of the identification problem. If the parameter for binary counting is not set, each element of the CIM will be equal to the number of corresponding TREs found on the respective promoter.
The FeasnetBuilder module contains a sub-module named StatFilter that computes p-values for the overrepresentation of the TREs in the set of promoters considered with respect to a background set of promoters. Specifically, the p-values give the probability that the observed counts for the TREs in the set of promoters could be explained by random occurrence in the background set of promoters. The p-values are calculated using the hypergeometric distribution (Bury, 1999; Jakt et al., 2001; Elkon et al., 2003) . Typically, the reference set is that of the genes on the microarray utilized in the experiments. For each TRE V$XYZ, given (1) a reference CIM of n promoters of which l promoters contain V$XYZ, and (2) a CIM of interest with m promoters of which h contain V$XYZ, the associated p-value for over-representation is given as:
The p-value for under representation of a TRE in the observed CIM is calculated similarly with the summation in the above equation going from 1 to h. These estimates of significance can be utilized in filtering for those TREs that meet a threshold (say, p , 0.1) to identify most likely regulators of the genes considered in the experimental context of interest. For the case studies presented here, the CIM corresponding to the ,3200 annotated cDNA clones on the microarray utilized for experiments was considered as the reference CIM. Given no information about the source of the genes from which the input list to PAINT is generated, PAINT can optionally utilize the CIM corresponding to all the genes in the UpstreamDB database as a reference CIM.
The FeasNetViewer module contains various functions for the visualization and analysis of the CIM. An image of the interaction matrix is produced in which the individual elements of the matrix are represented by a color based on the significance values for that particular TRE (p-values for over-representation in the observed CIM). This module also contains functionality for hierarchical clustering using "R" software for statistical analysis (www.r-project.org). For clustering, the pair-wise distance that is most appropriate for the CIM data is the binary distance, also known as "Jaccard's Coefficient" (JC). The JC between PAINT: PROMOTER ANALYSIS AND INTERACTION NETWORK TOOL two genes (or TFs) can be computed as the ratio of number of elements for which the two rows (or columns) are dissimilar to the total number of elements for which either of the rows contains a 1. For the genes, JC is the "dissimilarity" between the regulatory pattern of two genes as related to the total number of distinct binding sites present on either of them. For the TFs, JC is the "dissimilarity" between the regulatory patterns of two TFs as related to the total number of genes either of the TFs can regulate.
In PAINT, the clustered data can be visualized as a matrix layout with the hierarchical tree structure aligned to the rows and the columns of the CIM. The zeros in the matrix are shown in black and the nonzero entries in the CIM are colored based on the p-value of the corresponding TRE. The brightest shade of red represents low p-value (most significantly over-represented in the CIM). Conversely, the brightest shades of cyan represent smaller p-values for under-representation in the observed CIM, indicating more significantly under-represented TREs. This image can optionally represent the cluster index of each gene, where such cluster indices are generated from other sources such as expression or annotation-based clustering. With such visualization, it is straightforward to explore the relationship between expression/annotationbased clusters and those based on cis-regulatory pattern (i.e., CIM).
The FeasnetViewer module can also generate histograms of the network connectivity from the CIM to provide additional insights into the regulatory network of interest. A histogram of the sum of all columns in the CIM provides the distribution of the number (or fraction) of TREs that can regulate a given gene. This distribution is typically uni-modal with long tails indicating that very few genes are regulated by very few or very many TREs. Similarly, a histogram of sum of all the rows in CIM provides the distribution of number (or fraction) of genes that are regulated by a TRE. Typically, this distribution is monotonically decreasing indicating that most of the TREs are present on few genes each (fine-tuned regulation) and relatively few TREs are present on large number of genes (system-wide effects).
The FeasNetViewer module can also generate a network layout diagram using the GraphViz libraries (available at www.research.att.com/sw/tools/graphviz/). Additionally, various output formats can be produced for input into analysis and visualization software such as Cluster/TreeView, Pajek, Cytoscape, and JDesigner.
Experimental data
The model system considered presently is the N1E-115 neuroblastoma cell line (Amano et al., 1972) . After differentiation, N1E-115 cells synthesize several neurotransmitters and express functionally coupled neurotransmitter/neuropeptide receptors (Richelson, 1990) . For use with N1E-115 cells, we are currently printing ,8,600 mouse cDNAs which are greater than 95% nonredundant onto 1" 3 3" glass microarrays. This collection of cDNAs was derived solely from CNS tissues as part of the Brain Molecular Anatomy Project at the University of Iowa (http://brainest.eng.uiowa.edu/index.html). The set represents ,3200 annotated genes and ,5,400 unannotated genes using conservative definitions of annotation.
The data for case study 1 was obtained by comparing gene expression in undifferentiated growing N1E-115 cells to that in differentiated N1E-115 cells. A set of 193 annotated genes that are differentially expressed at least by a factor of 2 was considered for further analysis.
For case study 2, the dataset is obtained from microarray experiments of differentiated N1E-115 cells exposed to the neuropeptide angiotensin II (AngII). Ang II is a multifunctional hormone that influences the function of cardiovascular cells through a complex set of intracellular signaling pathways initiated by the interaction of Ang II with the AT1 and AT2 receptors (Berry, 2001; Touyz, 2002) . AT1 receptor activation leads to cell growth, vascular contraction, inflammatory responses and salt and water retention, whereas AT2 receptors induce apoptosis, vasodilation and natriuresis. In an effort to isolate the transcriptional response to AngII to the AT1 receptor (AT1R), the AT2 subtype was blocked with a saturating dose of antagonist. Cultures of differentiated N1E-115 cells were pretreated with 10 mM of PD123319 for 30 min by addition of a 10003 stock solution directly to the culture media without removal of the dish from the incubator. After 30 min, AngII (100 nM final, 100 mM stock) was rapidly added to all the parallel cultures required for the time course. Pretreated cultures with no AngII added were considered as time 5 0 samples. A time series of gene expression data was obtained from microarray experiments with RNA isolated at 0, 5, 15, 30, and 60 min after exposure to AngII. A total of 1338 genes with at least a twofold change at any of the time points were considered responsive and were included in further analysis with PAINT. VADIGEPALLI ET AL.
RESULTS
PAINT 2.3 contains sequences from version 7.3a of the Ensembl annotated mouse genome database. This mouse draft sequence is based principally on whole genome shotgun sequencing of around 73 coverage. This was frozen in February 2002 and incorporates finished clone information where available. The sequence is estimated to cover 96% of mouse euchromatic DNA. A total of 22,444 genes that are annotated were processed, of which 21,363 promoter sequences were retrieved based on the TSS identification and filtering criteria specified in Materials and Methods.
Case study 1
As described above (Methods section), an example microarray data set was obtained by comparing growing and differentiated neuroblastoma N1E-115 cells in culture providing 193 annotated genes that were differentially regulated at least by a factor of two (130 up-regulated and 63 down-regulated). The GenBank accession numbers of these 193 clones were provided as the input to PAINT.
The Upstreamer module returned a list of 155 promoters, i.e., 38 of the 193 genes of interest did not have a promoter sequence that met the filtering criteria (specified in Methods) for constructing the UpstreamDB database. This data set is referred to as DIFF155 for the rest of the document. Of the 155 promoters retrieved, 107 correspond to the up-regulated genes (referred to as DIFFUP107) and 48 to the downregulated genes (referred to as DIFFDOWN48). These 155 promoter sequences were processed using the TFRetriever module communicating with the MatInspector software. Within MatInspector, the vertebrate database with 128 TRE families and 313 position weight matrices was utilized in motif inspection. The TFRetriever module retrieved motif matches for a total of 273 distinct TREs. FeasNetBuilder constructed a candidate interaction matrix between the 155 genes and 273 TREs. The CIMs for the DIFFUP107 and DIFFDOWN48 subsets were obtained from the DIFF155 CIM.
The distributions of interactions for the 155 genes and the 273 TREs are depicted in Figure 2 . The distribution is uni-modal with long tails (low percentage of genes at the extreme ends of the distribution). This indicates that relatively few genes are regulated by very many or very few TFs (extreme ends of distribution shown in Figure 2a ). The distribution shown in Fig. 2b indicates that a few TREs are present on significant fraction of the genes of interest indicating potential role in system-wide effects (right end of the distribution). Analysis of Figure 2b also indicates that most of the TREs are present on and hence can regulate relatively few genes each (suggesting a function in fine-tuning, local effects). A representation of the candidate interaction network is depicted in Figure 3 . A subset of the CIM is shown in Figure 4 . The genes and motifs were individually clustered using Jaccard's coefficient as the dissimilarity metric. The column immediately next to the CIM represents whether the corresponding gene is found to be up-or down-regulated in the expression data. Note that most of the up-or down-regulated genes do cluster together based on the regulatory pattern of their promoters. However, there are clusters containing both up and down regulated genes indicating that the activity of specific transcription factors in the experiment needs to be utilized to prune the candidate interaction matrix to improve the network prediction. A network layout diagram containing five TREs in DIFF155 CIM with the lowest p-values for over representation is depicted in Figure 5 .
The p-value of each TRE in CIMs for DIFF155, DIFFUP107, and DIFFDOWN48 was calculated using the StatFilter sub-module. Analysis of the TREs that are significantly over-represented in DIFF155, DIF-FUP107, and DIFFDOWN48 revealed details that are very different from that of the analysis of the static cis-regulatory pattern (complete CIM). The p-values of 42 TREs that were significantly over-represented in at least one of DIFF155, DIFFUP107 and DIFFDOWN48 are shown in Table 1 . A p-value threshold of 0.1 for DIFFUP107 and DIFFDOWN48, and of 0.15 for DIFF155 was employed to filter for TRE significance. It is interesting to note that only two families of TREs (MYOD and FKHD) were significantly overrepresented in both the up-regulated (DIFFUP107) and down-regulated (DIFFDOWN48) genes. Such a dramatic difference was not obvious from the analysis of the feasible cis-regulatory pattern based on all the TREs found to be present (Fig. 3) . Several of the TRE families are implicated in cell differentiation and maturation (e.g., AREB: Ikeda et al., 1995; CREB: Dobi et al., 1995; GATA: Nardelli et al., 1999) .
Note that the results from the analysis of significantly over/under represented TREs may be a conservative estimate of the TREs involved in regulation in the experimental context of interest. In the present case study of N1E-115 differentiation, some TREs that are known to be involved in the differentiation of other cell types were not found to be significantly over represented. One example is MZF1, not found to be significantly enriched in either of the up-or down-regulated genes (p-value of 0.77 in DIFF107 and p-value of 0.59 in DIFF48), even though it has been shown to be involved in delaying cell differentiation in other cell types (Morris et al., 1994) . MZF1 and similar TREs may have not appeared to be significant in the present case study because they are not involved in N1E-115 differentiation, or because the data currently available was not sufficient to identify every TRE that is involved in the process.
Another interesting observation was that it is possible that a particular TRE is not found to be significantly over/under represented in a particular cluster/sub-group of genes, but can still be significantly over represented in the overall set of genes considered: NFAT, LEFF, and GATA/GATA3.01. These are implicated in cellular differentiation in different neuronal cell types (NFAT: Plyte et al., 2001 ; GATA/GATA3.01: Nardelli et al., 1999) .
Given no other information, an identification algorithm would have to compute 71*87 5 6177 connection parameters. However, since the candidate network contains 883 non-zero entries, i.e., only 883 (14.2%) interaction parameters need to be computed. Even this is a gross overestimate as the dynamic activity data about specific TFs from ChIP experiments can substantially reduce the number of candidate interactions further. The localization data thus obtained can significantly improve the regulatory network identification (Zak et al., 2001; Hartemink et al., 2002) .
Case study 2
As described above, a gene expression time series data set was obtained from microarray experiments involving neuroblastoma N1E-115 cells at {0, 5, 15, 30, 120} minutes after exposure to angiotensin II. Of VADIGEPALLI ET AL.
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FIG. 3.
A representation of the candidate interaction matrix for 155 differentially expressed genes and 273 TREs analyzed in N1E-115 cell differentiation. The dataset is clustered using Jaccard's coefficient (binary distance) as the dissimilarity metric. Individual elements of the matrix are colored by the significance p-values: over-representation in the matrix is indicated in red, under-representation is indicated in cyan, and the TREs that are neither significantly overnor under-represented in the matrix are colored in gray. The column to the left of the matrix represents gene expression in differentiated cells: red indicates up-regulated genes and green indicates down-regulated genes.
FIG. 4.
A subset of the candidate interaction matrix for DIFF155.
FIG. 3.
the ,8600 genes on the microarray, a total of 1338 genes with at least a twofold change at any of the time points were considered responsive and were included in the analysis. This list of 1338 genes was presented as input to PAINT for promoter analysis.
The PAINT Upstreamer module retrieved 578 promoters (referred to as ANG578 for the rest of the document). The promoters for almost all the annotated genes in the initial set of 1338 genes were retrieved. The connectivity of the ANG578 CIM is depicted in Figure 6 . The connectivity in CIM for ANG578 was qualitatively similar to that observed in the DIFF155 data set (case study 1). As in case study 1, there were few genes that could be regulated by very many or very few TFs (Fig. 6a) . Again, as in case study 1, analysis of the distribution shown in Figure 6b indicates that relatively few TFs can regulate large number of genes in ANG578 (right end of the distribution: system-wide effects) and most of the TFs regulate few genes each (left end of the distribution: fine-tuning, local effects). The TRE families that are common between the DIFFUP107 and DIFFDOWN48 are highlighted in bold (in groups I and II). The TREs that are not significantly over-represented in either of DIFFUP107 or DIFFDOWN48, but are over-represented in the overall set DIFF155 are underlined (in group III).
A subset of the CIM is shown in Figure 7 with both gene and TRE labels. The genes and TREs are individually clustered using Jaccard's Coefficient as the dissimilarity metric. Each row in the column immediately next to the dendrogram represents the cluster number of each gene from clustering the expression data. Note that many of the genes in an expression-based cluster also cluster together based on the regulatory pattern of their promoters. However, this analysis is based on the static structure of the CIM. The activity of specific TFs in the experiment needs to be utilized to prune the candidate interaction matrix for improving the network prediction.
The p-value of each TRE is calculated by the StatFilter module. Based on a p-value threshold of 0.1, the TREs that are over represented in the ANG578 CIM are shown in Table 2 . Several of the factors binding to these TREs are known to be involved in cellular response to angiotensin II: AP1F and EGRF- Lebrun et al., 1995; CREB-Cammarota et al., 2001; NFKB-Wolf et al., 2002 . Also several TREs that are known to play role in neuronal development are over-represented in the ANG578 CIM: RBPJK-de la Pompa et al., 1997; HEN1-Bao et al., 2000; LMO2COM-Yamada et al., 2002. The transcription factor family STAT is shown to be involved in response to stimulation of AT1R (Mascareno and Siddiqui, 2000) . However, the TREs corresponding to the factor STAT were not found to be over represented in ANG578 (p-values of all TREs binding to STAT family of TFs was close to 0.5 in ANG578). Further PAINT-based analysis of individual clusters of genes in ANG578 may provide the group of genes with over-represented TREs for the STAT family of TFs, however.
DISCUSSION
In these case studies, PAINT, in combination with experimentally associated genes list and genomic sequence data, has identified the TREs and cognate TFs likely to subserve the biological regulation studied in each case. These results are discovered in a scalable and automated manner using a bioinformatics approach to analyze the data from global methods such as microarrays and ChIP. Just as with any other computational predictions, these results need to be validated by experiments. As the two problems considered in the case studies presented in this work involve well-studied systems, the supporting literature (where present) is given along with the results to validate the PAINT generated hypotheses.
The primary purpose of PAINT is to provide a scalable and extensible platform to automate the process of mining the existing databases for known regulatory information for a large number of genes of interest VADIGEPALLI ET AL. 
FIG. 7.
A subset of the candidate interaction matrix for ANG578. in a particular experiment or analysis. The interaction matrix generated represents candidate connections in the regulatory network. In a particular experiment, only a subset of transcription factors in the cell is active. The over-represented TREs identified from CIM indicate a set of TREs that are likely to be active. Time series data of TF activity from ChIP or promoter binding assays provides a set of active TFs. By combining these two sets together, the most likely regulators in that particular experimental context are obtained. Combining this data with the interaction matrix from PAINT, a smaller subset of interaction matrix that represents the candidate network specific to that particular experimental perturbation can be constructed.
The elements for regulating transcription of a gene are not always restricted to the upstream portion of the gene alone. The power of this PAINT tool will continue to improve as the underlying public resources allowing identification of promoter regions is rapidly improving, but at the present relatively early stage of development of these resources the tool is clearly valuable for use in the mouse model system. In the current version 2.3 of PAINT, only the 2000 base pairs of upstream sequence are considered to be the promoter sequence for the inspection and discovery of regulatory motifs. We consider this to be a conservative overestimate and PAINT allows the option of inspecting a smaller portion of the upstream sequence as well.
The MatInspector output contains matches on the sequence complementary to the sequence processed. These matches are deleted prior to constructing the matrix. The convention is that the promoter region of a gene is given 59 to 39 direction upstream to the 59 end of the gene. Thus, any match to a transcription factor binding site on the complementary strand would be non-functional unless the motif is palindromic (same on both strands in 59 to 39 direction). For the palindromic motifs, the MatInspector output contains matches on the input sequence so that the match on the complementary strand represents redundant information and can be ignored.
At present, the analytical p-values calculated are for binary counting based CIM only. Considering whole counts complicates the analytical calculation as it has to include all possible combinations of the observed counts from promoters on which a TRE is present two, three or four times. Given that the whole counts in CIM for the reference microarray data set used in this study contained promoters with up to 40 instances of single TRE, it is not practical to compute the p-value for whole counts analytically. We have developed (Zak et al., in preparation) an empirical approach towards p-value calculation, and efforts to incorporate it as part of StatFilter module are currently in progress.
The cross-reference tables in PAINT 2.3 do not guarantee retrieval of promoters given any clone accession number of Unigene cluster ID. This is partly because of the filtering criteria as well as incomplete cross-referencing in the Ensembl annotated database. A sequence-based approach to putatively annotate the cDNA clones using alignments with the Ensembl annotated genome is under active development and will be included in future versions of PAINT.
Cluster analysis of the interaction matrix generated by PAINT can indicate groups of genes that contain similar transcription factor regulation patterns in their promoter sequences. This information can be processed in combination with the results from clustering based on expression profiles to discover consistent groups across the two data sets. Such an analysis would indicate the extent to which a group of genes with similar expression pattern share a similar regulatory transcription factor pattern. The example presented in case study 1 demonstrates that there is a broad consistency in the example data set with up-and down-regulated genes being grouped into different clusters based on the regulatory pattern in the promoter sequences. In VADIGEPALLI ET AL. The TREs corresponding to the TF families known to be involved in cellular response to angiotensin II are highlighted in bold. The underlined TREs correspond to TFs that have been shown to play a role in neuronal development and are hypothesized to be playing a role in response to angiotensin II. the example presented, this consistency of shared regulation is more readily seen when examining only the significantly over-represented TREs.
For Bayesian models of gene regulatory networks (Hartemink et al., 2002) , a prior set of interactions is specified to incorporate known information about the network. The interaction matrix generated by PAINT can be utilized as a suitable prior in such model formulations.
PAINT 2.3 includes modules that can process genes from the mouse genome utilizing MatInspector for motif inspection. The framework and architecture of PAINT are applicable and easily extensible to other organisms for which genome sequence and transcription factor binding information exists. Future directions for PAINT include incorporation of modules to handle other motif discovery tools such as MEME (Bailey et al., 1994) and TESS (Schug and Overton, 1997) . Efforts are also on towards incorporation of human genome in PAINT.
The experimental and computational methods presented here identify a set of genes and transcription factors that are significant in understanding the function of the gene regulatory network in question. This information can be directly utilized in construction of an in silico model of the regulatory network. Incorporation of this model into simulations along with models of signaling pathways and electrophysiology is the key to analyzing the immediate, intermediate and long-lasting cellular response to an external signal (e.g., angiotensin II in case study 2).
We plan to employ the BioSPICE platform towards our objective of constructing a computational model that predicts cellular responses to external signals (e.g., angiotensin II). At present, the putative gene regulatory network from PAINT can be obtained in GraphML or SBML format with mass action kinetic equations and default initial parameters. This model has been successfully loaded and simulated in JDesigner in the Systems Biology Workbench (Hucka et al., 2001 ) demonstrating the integration of PAINT with external simulation tools. The analysis tools in BioSPICE can be employed on this model as it is now represented in a standardized structure (MDL/SBML).
The methods presented here provide a connected graph of relevant genes and transcription factors, which then needs to be explored for sub-networks with known or novel network motifs and modules (Arkin, 2001; Rao and Arkin, 2001; Milo et al., 2002; Segal et al., 2003) . Such information can be utilized in efficient exploration of "tuning knobs" that allow modulation/manipulation of the network function.
CONCLUSION
We have developed a bioinformatics tool named PAINT for automated analysis of large number of promoter sequences for system-wide gene regulatory network discovery. PAINT processes a list of standard identifiers for a set of genes of interest in an experiment and generates a candidate interaction matrix along with a list of transcription factors that could be playing significant role in that experimental context. The candidate interaction matrix can be used for constraining the identification algorithms for gene regulatory networks. The modular architecture enables straightforward extensions to "plug-in" various sequence analysis tools, transcription factor binding motif identification and discovery algorithms, and network analysis and visualization tools. Ongoing extensions include modules that incorporate gene expression data, and transcription factor expression data to further improve the candidate network prediction. PAINT is available freely for academic and non-commercial use under the open source BioSPICE license at www.dbi.tju. edu/dbi/tools/paint/.
